Abstract-A support vector regression (SVR) model was successfully developed for the polarity parameter π used in the revised patterns scheme for interpreting monomers (C
INTRODUCTION
As early as 1946, it was observed that some mono mers that undergo homopolymerization would also readily engage in copolymerization, others would not; it was also seen that some monomers that would not homopolymerize to any appreciable extent would copolymerize without difficulty [1, 2] . These phenom ena suggest the importance of the polarity of a mono mer/radical in deciding the outcome.
The Q-e scheme is remarkably useful in the inter preting the reactivity of a monomer containing a double bond in radical copolymerizations [2, 3] . In the Q-e scheme, the parameter e denotes some polar proper ties of a monomer (or a radical), i.e. the supposed per manent electric charge resulting in mutual attraction or repulsion between the two monomers (or radicals) [2] . Although very widely used, the Q-e scheme is well known to have serious limitations. The revised pat terns of reactivity scheme, such as the A (A: acryloni trile), S (S: styrene) version and U, V version, have been developed to improve both its accessibility and its accuracy [2] . Among them, the polarity parameter π 1 is used to represent the polarity of the polymer radical derived from monomer 1. The parameter π 1 is usually almost exactly equal to the Hammett σ parameter for the substituent(s) in the α carbon atom of the radical derived from monomer M 1 . According to the AS scheme based on reference monomers styrene (S) and acrylonitrile (A), the polarity parameter π 1 for the rad ical can be determined with Eq. (1) ( 1) where k 1A and k 1S are the respective rate constants for reaction of a radical (species 1) and a monomer acry lonitrile or styrene (species 2), u and v represent the polarity and the intrinsic reactivity of the monomer, respectively. For other reference monomers, the parameter π 1 can be derived with Eq. (2), which is an extension of the UV Scheme [2].
(2)
The development of a reliable quantitative struc ture-activity relationship (QSAR) model for predic tion of the basic parameter π s of real interest, partic ularly for new monomers for which experimental investigation would be expensive. QSAR approach [4] can conserve resources and accelerate the process of development of new molecules. In our previous study [5] , we used four quantum chemical descriptors to develop an artificial neural network (ANN) model for the polarity parameter π. The model has a training set root mean square (rms) error of 0.053 and a validation set rms error of 0.070. But the ANN model was not validated using external test data. In general, QSAR models were based on molecular descriptors calculated from ground state molecules [5] [6] [7] . The reason may be that it is easier to calculate from such molecules than the transition state com plexes. What is certainly true is that techniques for finding a transition state are more difficult than find ing a ground state structure [8] . First, relatively little is known about transition state geometries, at least by comparison with our extensive knowledge about ground state molecules. Second, finding a saddle point is probably (but not necessarily) more difficult than finding a minimum due to theories and tech niques. Third, the energy surface in the vicinity of a transition state is likely to be more "shallow" than that of a minimum. This "shallowness" suggests that the former is likely to be less well described in terms of a simple quadratic function than the later. Last, the transition state calculation, in the case of radical molecule reactions, must be carried out on open shell system with an odd number of electrons and correla tion energy must be taken into account in those calcu lations since it plays a vital role for the transition state properties. Therefore, transition state calculation is utmost hardware intensive and time consuming. For example, transition state optimization typically requires two to three times the number of steps as geometry optimization [8] .
Reactivity parameters Q and e in the Q-e scheme are correlated with activation energies for the addition of radicals (such as the hydrogen atom, H·, or the methyl radical, ·CH 3 ) to alkenes [3] . Similarly, the polarity parameter π measuring the polarity of the polymer radical derived from monomers should also be related to activation energies and transition state structures. The goal of this article is to calculate quan tum chemical descriptors from transition state com plexes and to build a support vector machine (SVM) model that could predict the reactivity parameter π values of vinyl monomers. Table 1 shows 55 vinyl monomers and their respec tive experimental parameter π values. These mono mers with structures C 1 H 2 = C 2 XY were taken from the literature [9] and comprise a variety of substitution groups, such as olefins, esters, ethers, sulfides, halides, ketones, acids, amides, aromatic and nonaromatic rings. The data were randomly split into three sets: a training set (28 monomers), used to train SVM mod els, a validation set (14 monomers), used to optimize the parameters of SVM models, and a prediction set (13 monomers), used to evaluate the prediction ability.
MATERIAL AND METHODS
Density functional theory (DFT) has become an attractive theoretical method in the calculation of quantum chemical descriptors [10] . In DFT, the exact Hartree Fock exchange for a single determinant is replaced by a more general expression: the exchange correlation functional. In this type of calculation, a functional of electron density is used to account for both exchange energy and the electron correlation which is omitted from Hartree Fock theory. Thus, DFT methods can be very accurate for little computa tional cost.
In this article, the calculation models for descrip tors derivation were the transition state structure, (Revision A.02) , at the UB3LYP level of theory with 6-31G(d) basis set. These descriptors are the average molecular polarizbility α, the total dipole moment μ, the ener gies of the highest occupied molecular orbital (HOMO) and the lowest unoccupied molecular orbital (LUMO) of alpha spin states E αHOMO and E αLUMO , the energies of HOMO and LUMO of beta spin states E βHOMO and E βLUMO , the energy gap between HOMO and LUMO of alpha spin states E αg , the energy gap between HOMO and LUMO of beta spin E βg , the most positive net atomic charge on hydrogen atoms in a molecule Q H , the net charge of the most negative atom q -, Mulliken atomic charges of C 1 and C 2 ( and ), Mulliken charges of C 1 and C 2 with hydrogens summed into heavy atoms and , Mulliken atomic spin densities ( and ), atomic polar tensor (APT) charges ( and ) , and APT charges with hydrogens summed into heavy atoms ( and ).
As a powerful state of the art data mining tool, support vector regression (SVR) is used widely in QSAR studies to maximize predictive accuracy while automatically avoiding over fit to the data [12] [13] [14] [15] [16] [17] . In SVR, systems use the input data into a high dimen sional feature space and subsequently carry out the linear regression in the feature space. The input-out put pairs of training data of size n can be expressed with the following form [12] [13] [14] [15] [16] [17] 
